Citrus fruits are major agricultural products of China and they are rich sources of health beneficial substances. In this study, Raman spectroscopy as a rapid and non-destructive tool was employed to classify eight different citrus fruits. Baseline drift caused by fluorescence of organic compounds in the citrus samples interferes with the Raman signals. A polynomial fitting based method was adopted for baseline correction, which is a key factor both for Raman peaks assignment and subsequent pattern recognition. Principal component analysis (PCA) and hierarchical cluster analysis (HCA) were the two selected pattern recognition techniques. PCA showed the distribution of sweet oranges and mandarins, and HCA was a useful guide for detailed relationship between various citrus samples. The results demonstrated that Raman spectroscopy combined with pattern recognition techniques has substantial potential for discriminating varieties of citrus fruits.
Introduction
Recently, major concern in the agricultural food industry was paid to set down objective tools for determination of geographic origin and quality control of food products. Citrus fruit is a major agricultural product of China and popular with people for its bright appearance and juicy fresh. Citrus represents a potential material for food and pharmaceutical industry since they contain a number of health-promoting substances e.g. vitamin C, folate, dietary fiber and other bioactive compounds such as carotenoids and flavonoids (Tripoli et al., 2007) . Citrus fruit is a particularly rich source of compounds with biological activity, including anticancer, antiinflammatory, antioxidant, anti-mutagenic, and antimicrobial activity (Ko et al., 2010) . Despite that various citrus fruits are presently available on the markets, consumer's knowledge about the origins and species of citrus is not sufficient. Therefore, at the same time there is a steadily growing need for the availability to classify citrus fruits quickly by using the extremely varied physical-chemical determinations in conjunction with multivariate techniques of data treatment.
A number of analytical methods were reported for the determination of food products, with chromatography based analysis being the most popular one (Zheng et al., 2009; Careri and Mangia, 2003; Kritsunankul and Jakmunee, 2011; Feng et al., 2012) . In spite that these techniques are precise and give rather detailed information due to the separation of the different compounds, they in most cases are rather time consuming and therefore not useful for e.g., rapid in-line monitoring (El-Abassy et al., 2011) . Establishing a rapid and non-destructive method for discrimination origins and species of agricultural food is of important interest. There are also examples of the use of spectroscopy especially the near infrared (NIR) spectroscopy (Liu et al., 2010; Li et al., 2007; Ritthiruangdej and Suwonsichon, 2007; Christy et al., 2004) . Raman spectroscopy (Abbas et al., 2009; Bicanic et al., 2010; de Veij et al., 2008) is also a method of choice for determination and quantification in food products. Raman spectroscopy has some unique advantages. It does not require the dissolution or extraction of the samples being analyzed, it is a simple, rapid, cost effective and non-destructive tool, and it can be performed using miniaturized setups ideally suited for online industrial processing (El-Abassy et al., 2011) . Another benefit of the method, especially in comparison with infrared (IR) spectroscopy, is the fact that water is relatively poor Raman scatterer and does
The application of chemometric tools for characterization, determination of geographic origin and quality control of food products has recently become a very active research area (Yi et al., 2009; Rodríguez et al., 2010; Kwak et al., 2007; Berrueta et al., 2007) . Some authors have attempted to use these tools to classify plant foods. For example, carried out principal component analysis (PCA) to classify and distinguish green pu-erh, green, and white teas. Ankit Patras et al. (2011) applied chemometrics to classify fruits and vegetables based on their profile of in vitro antioxidant activity. Multivariate mathematical approaches are powerful tools. To the best of our knowledge, classification of citrus fruits with a Raman approach combined with pattern recognition techniques has not been attempted.
This research aims to evaluate the potential of Raman spectroscopy in combination with pattern recognition techniques as a straightforward, rapid and non-destructive tool, for the classification of citrus fruits. Raman spectra of various citrus samples were directly collected by confocal microscope Raman spectrometer and all the spectra were baseline corrected and normalized before further spectral processing. Interrelationships between different citrus fruits were analyzed by PCA and hierarchical cluster analysis (HCA).
Materials and Methods

Citrus samples
The fruits of eight citrus samples (Table 1) were analyzed in this study. All citrus fruits were purchased from a local fruit supplier in China. They included both imported (S5, S6) and locally cultivated fruits. The collected citrus samples are all genus (Citrus) of flowering plants in the rue family, Rutaceae. The mandarin orange (Citrus reticulata) is one of the main citrus species, which has an enormous number of cultivars. The sweet orange is the fruit of the citrus hybrid species Citrus sinensis in the family Rutaceae. The fruit of the Citrus sinensis is called sweet orange to distinguish it from that of the Citrus aurantium, the bitter orange. The sweet orange is a hybrid, possibly between pomelo (Citrus maxima) and mandarin (Citrus reticulata), cultivated since ancient times (Nicolosi et al., 2000) . In some cultivars, the mandarin is very similar to the sweet orange, making it difficult to distinguish the two. The mandarin, though, is generally smaller and oblate, easier to peel and less acid (Nicolosi et al., 2000) . The taxonomic classification and relationships of the sample citrus fruits can be found in Fig. 1 .
The raw sample materials were washed thoroughly with deionized water and dried at room temperature. After that, citrus fruits were directly put to the microscope stage and adjusted to the proper position for focusing and determination.
Spectrum collection A Renishaw In via Raman mi-not hinder the Raman measurements of aqueous samples. Raman spectroscopy holds a particular promise in this area also due to its inherently high chemical specificity (substantially higher than that of its competitor: NIR spectroscopy). It stems from the fact that NIR spectra consist of broad and overlapping bands which are typically high frequency overtone and combination bands of fundamental vibrational modes, so the fundamental modes themselves are invisible to the technique. As NIR only detects combinations/overtones, it is only sensitive to anharmonic vibrations, i.e. predominantly X -H bonds (Buckley and Matousek, 2011) . This is another reason for the lack of chemical information compared with mid-infrared (MIR) or Raman. In contrast, Raman spectroscopy permits the direct monitoring of fundamental vibrational modes within the important fingerprint and phonon mode spectral regions and exhibits much sharper bands (Kudelski, 2008) . Although the other main optical counterparts of Raman scattering (MIR and to some extent terahertz (THz) spectroscopy) also offer high chemical specificity, their applications are typically restricted to dry samples, due to strong water absorption impeding their applicability. In addition, MIR spectroscopy is in general only applicable to very thin layers of samples unless the samples are substantially diluted. Hence, Raman spectroscopy is a very useful technique for analytical purposes especially in complex and aqueous-based matrix. Unfortunately, Raman spectroscopy has not been as commonly utilized as other analytical methods in food research area. One of the reasons for this is the fact that during the application of Raman spectroscopy, fluorescence of organic compounds in the samples, which sometimes several orders of magnitude more intense than the weak Raman scatter (Lieber and Mahadevan-Jansen, 2003) , interferes with the Raman signals. A phenomenon of baseline drift shows up, and the resolution and analysis of Raman spectra become impractical consequently. With the introduction of mathematical methods for signal pre-processing and baseline correction, some of these problems were resolved. These mathematical methods including first and second order derivatives (O'Grady et al., 2001) , wavelet transform (Ashish et al., 2008) , and manual polynomial fitting, etc., are useful in certain situation, but still with some limitations. For example, manual polynomial fitting needs the user identify the "non-Raman" locations manually (Lieber and Mahadevan-Jansen, 2003) , after which the baseline curve is formed by fitting these locations. Consequently, the result involves the subjective factors inevitably. Herein, a modified polynomial fitting method proposed in previous work was adopted (Feng et al., 2009) . The baseline was automatically estimated and subtracted, leaving only the Raman peaks. they converged with a threshold of 10 −4 . The calculated line is then used as the baseline and subtracted from the trace to form the corrected spectrum. Much more details of this algorithm can be referenced in Ref. (Feng et al., 2009) .
Statistical analysis The data obtained from the analysis of the citrus fruits were analyzed by means of multivariate analysis. PCA and HCA are the two most commonly used pattern recognition techniques for classification of objects into groups or clusters based on a statistical measure. They permit a relatively simple representation of similarities between samples on the basis of more-or-less complex analytical data (Patras et al., 2011) .
PCA is a well-known method whereby the principal components (PCs) are calculated to keep most of the information present in the original data set (Raman spectra) in the least possible number of new variables, usually two or three. The PCs can be plotted for visual inspections of the data, to identify patterns hidden in the data set (González Álvarez et al., 2011) . PCA utilized here can be thought of as a simple method for revealing relationships that might exist between different citrus objects and their Raman spectra.
HCA involves trying to determine relationships between objects (samples) without taking into account the information about the class membership. Objects will be grouped in croscopy with an Argon ion laser, providing radiation at 514 nm was used to perform the measurements. The system was equipped with an air-cooled charge-coupled device (CCD) detector. Raman spectra were obtained at room temperature using under the following conditions: laser power, 20 mW, which was low enough to prevent laser induced thermal damage to the samples; spectral resolution, 1.5 cm −1 ; exposure time of 10 s. A 50 × objective lens (0.75 numerical aperture) was used for focusing the laser beam on the samples. The diameter of laser illumination was approximately 0.97 μm. It was able to cover a sample area of 0.74 μm 2 with the laser illumination. The Raman shift scale was achieved using the 520 cm −1 line of the crystalline silicon. Data were collected in the Raman shift range between 100 and 3200 cm −1 . The sampling spot is located on the middle part along the equator considering the navels of citrus as two poles. The experiments were replicated five times, and five randomly selected fruit samples from each kind of citrus were tested.
The standard normal variate transformation All the acquired spectra were standardized with the standard normal variate (SNV) transformation (Barnes et al., 1989) to effectively remove the multiplicative interferences of scatter before further analysis. The SNV transformation is performed on every single spectrum variable: first, the mean spectrum value is subtracted from the original spectrum variable. Next, the resulting value is divided by the standard deviation of the original spectrum values.
Baseline removal based on modified polynomial fitted method To reduce the baseline drift influence, background elimination method as mentioned in Ref. (Feng et al., 2009) was employed. The background elimination algorithm provides an iterative fitting process which discards points above a threshold and fits the remaining points with a line. A least squares line was fit through all the points in the trace. The data points in the line generated by polynomial fitting and the values of original spectrum were compared one by one. If anyone of fitting line was greater, they were reassigned to the corresponding values of original spectrum. The changed line would be fitted again. This iteration was repeated until enoids are strongly coloured as they have an allowed π − π* transition which occurs in the visible region (Withnall et al., 2003) . When the excitation laser frequency is near coincident with an electronic transition of carotenoids, their resonance Raman spectroscopy (RRS) occurs. Compared to a normal Raman scattering, the intensities of Raman spectral bands dramatically increase and the probability of overtone and combination progressions in basic vibrational modes increase. However, because visible or ultraviolet excitation must be used to achieve resonance, interference from fluorescence is often a problem with RRS. Therefore, baseline correction is necessary here. The corrected Raman spectrum of S1 as a typical example of citrus fruits is shown in Fig. 4 .
clusters in terms of their nearness or similarity (Patras et al., 2011) . When a given sample is taken as a point in the space defined by the variables, one can calculate the distance between this point and all the other points, thereby establishing a matrix that describes the proximity between all the samples studied. There are several ways of calculating the distance between two points, the best known and most often used one being Euclidean distance (da Silva Torres et al., 2006) , which is adopted in this case as well. All calculations and multivariate analysis, including baseline correction, intensity normalization, PCA and HCA, were conducted using MATLAB version 7.6 software (The Math-Works Inc., MA, USA).
Results and Discussion
Baseline correction Raman spectra of eight citrus samples are shown in Fig. 2 . Each spectrum represents one kind of citrus fruits. The figure is characterized by the fact that all signals obtained as instrumental response of analytical apparatus are affected by varying backgrounds, which is mainly due to fluorescence of organic molecules intrinsic to the analyzed samples. As there was nonlinear background superimposed in the sample spectra caused by fluorescence, some Raman peaks which might stand for characteristic vibrations were covered. For the purpose of yielding corrected spectrum, the estimated baselines of spectra were fitted by modified least-squared method with fifth degree polynomial fitting, and then be subtracted from the original spectrum. The corrected Raman spectra of samples are shown in Fig. 3 . The influence of baseline drift has been eliminated. However, notable remaining of baseline is observed at 600 − 100 cm −1 range. It is mainly caused by the limitation of the baseline correction algorithm, which is an overcompensating to the shape of a polynomial function. Normally, it should be removed from the corrected spectra (Feng et al., 2009) . But for the spectra of citrus fruits in this case, no characteristic bands were shown in the range of 600 − 100 cm −1 . Furthermore, loadings plot of PCA results in the followed section indicated that remaining baseline in this range do not contribute to the classification. Therefore, it has been kept for the integrity of the Raman spectrum. Subtracting the estimation of the background from the raw spectrum leads to a more interpretable signal, allowing to determine peak wavenumbers and to measure area and amplitude of peaks more accurately (Mazet et al., 2005) .
The main characteristic bands and their assignments Raman spectroscopy is a powerful tool for the analysis of citrus fruits. Carotenoids are abundant in numerous varieties of citrus fruits, which impart the colour to the fruit and also contribute to the health status of consumers. Carot- Fig. 4 . Raman spectra of S1 after baseline correction and its main characteristic peaks. − 2200 cm −1 ) are referring to the overtones or combination vibrations of the rocking motions of the -CH 3 groups. Loadings negative on two PCs are attributed to two strong bands The Raman scattering pattern of S1 is characterized by the three peaks appearing at about 1520, 1155 and 1003 cm −1 . These bands originate from the C = C stretch vibrations of the polyene backbone, the C -C stretch vibrations and rocking motions of the -CH 3 groups, respectively (Bicanic et al., 2010) . The observed bands at 3032, 2305 and 2003 cm −1 can be assigned to the second order overtones of carotenoids while bands at 2667, 2512 and 2153 cm −1 can be assigned to the pair-wise combination vibrations of bands at 1520, 1155 and 1003 cm −1 . Furthermore, the observation of the band at 1155 cm −1 suggests that the sample contains saccharides (Yi-ming, 2005 ) such as glucuronic acid, d-glucose, glucosamine, maltose, etc (Parker, 1983) ; The observed band at 1262 cm −1 can be assigned to N-acetyl glucose (She et al., 1974) , glycogen, maltotriose (Parker, 1983) , etc. These characteristic Raman frequencies of carbohydrates are in accordance with those of chemical components in citrus fruits (Füzfai and Molnár-Perl, 2007) .
Principal component analysis Since samples cannot be directly distinguished from their Raman spectra, PCA was applied to both the original and corrected spectra of citrus fruits for classification after SNV (Barnes et al., 1989 ) standardization. The points of PCA projection have a random distribution and no obvious clustering of samples can be observed before baselines corrected (Fig. 5a ). Samples are close along the second principal component (PC2) axis. The first two principal components might just represent the mutual characteristics of fluorescence. Corrected Raman spectra analyzed with PCA data treatment yielded good results (Fig.  5b) . The obvious advantage of using baseline correction is the fact that samples were clearly classified to two clearly discernible groups. The first group consisted of three orange samples i.e. S5, S6 and S7 located in the upper part of the PCA plot. The second group composed by S1, S2, S3 and S4 was observable in the lower part. Moreover, S8 occupied an isolated location at the very right of the figure. PCA showed the main distribution of sweet oranges and mandarins clearly. Generally, mandarin samples are located more closely than the sweet orange samples in the Fig. 5b since they are more genetically similar. S3 and S4, both Shatangwanlu cultivated from different district Gaoshan and Yanxi are grouped together, but could not be further distinguished. It is possible to suggest reasons for the location of the citrus fruits on the basis of their chemical composition due to their different species and origins. Therefore, loading spectra versus variable (wavenumber) plot is shown in Fig. 6 . Interestingly, loadings positive on both PC1 and PC2 are associated with the predominant loadings peak at 1520 cm −1 , which was previously assigned to the C = C stretch vibrations of carotenoids (Withnall et al., 2003) . Other positive loading peaks (2000 two subgroups, C and D. Group C comprises two subgroups, one of which consists of S1. It stands out relative to the other subgroups (E and F), which probably result from its species difference. Cluster E and F are mandarins. The fruits in subgroup E are S3 and S4, only from different district Gaoshan and Yanxi. The fruits in subgroup F differ from the fruits in subgroup E because of the seasonal variation of their ripeness. Group D is composed of S6 and S7.
Comparison between PCA and HCA Generally, major classification results of citrus species are consistent between PCA and HCA in this work. On one side, compared to PCA, HCA provides more detailed information regarding pattern recognitions of subgroups. S2 can be visually distinguished from S3 and S4 in both results. As to the specific origins of same species, HCA can identify the S3 from S4 while PCA cannot. On the other side, PCA calculation is also a variable selection process, and first two principle components are used to represent the total variability after discarding the others when making the scattering plot. Euclidean distances calculated in HCA are based on the original data, and redundant information is involved. Thus, it may cause some differences from PCA results. For example, in Fig.8, S5 is not as close as approximately between 2400 − 2700 cm −1 and 1300 − 1480 cm −1 . The notable peaks at 2667 cm −1 and 2512 cm −1 are the combination vibrations related to 1520 cm −1 band. This relationship can be further investigated via scatting plot of loading1 versus loading2 (Fig. 7) . 12 variables are selected based on their distance to the origin. The variable with greatest distance to the origin impacts the PCA classification most (Buydens et al., 1999) . The variable of 1520 cm −1 located in the upper right quadrant has the largest distance, other variables in this quadrant including 2003 cm −1 , 2153 cm −1 and 2180 cm −1 . In the opposite direction, the variable of 2667 cm −1 holds the position as well as 1520 cm −1 . The variable of 1462 cm −1 (CH 2 bending) is also significant in the lower left quadrant, but leans more to the negative direction of load-ing2 axis. Variables of 802 cm −1 and 846 cm −1 located in the lower right are close to each other. In addition, variables of 980 cm −1 and 1155 cm −1 are almost along the loading2 axis with relatively slight weights. The loading scattering plot could show the significant correlations between the PCA scores and the main contributed variables. In Fig. 5b , it is possible to evidence two main groups, mandarins and the oranges located along the diagonal line from upper right to lower left with exception of S8. S5 and S6 formed a group in the upper right quadrant due to the high positive loading of 2003 cm −1 , 2153 cm −1 and 2180 cm −1 , in particular of 1520 cm −1 . Likewise, S2, S3 and S4 are determined by 2410 cm −1 , 2512 cm −1 and 2667 cm −1 . As all the variables mentioned above are attributed to the characteristic peaks (including overtones and combination vibrations) of carotenoids, it is reasonable to draw the conclusion that the discrimination of various citrus species is based on the difference of this main constituent carotenoids existed in citrus fruits. The variable of 1155 cm −1 , responsible for the saccharides suggest that the content of glucuronic acid, d-glucose, etc. are different in species of mandarin and sweet orange. Additionally, the exception S8 positioned on the very right is due to the loadings of 802 cm −1 and 846 cm −1 . It is indicated that hybrid S8 may have unique constituents from other samples, which need further investigation prospectively.
Hierarchical cluster analysis Raman spectra after baseline correction were subsequently subjected to HCA, i.e. the nearest neighbor method with Euclidean distance measure. The result obtained following HCA is shown as a dendrogram ( Fig. 8 ) in which two well defined clusters (group A and group B) are visible, with the exception of S8. This is in agreement with the results of the PCA in which S8 lay at some distance from the others.
The first great division in groups A and B separates citrus fruits mainly according to their species. Group A consists of Sunkist Oranges (S5) alone and group B fruits are split into Group C to Group D (formed by S6 and S7). The calculated Euclidean distances are affected by the variances that not compromised by the first two components.
These oranges are all associated with similar chemical components. The tendencies to form natural sample groupings arising from their Raman spectra is clear in this data analysis procedure and it is a quite useful technique for classification of citrus fruits.
Conclusions
This work demonstrates that by using well-established pattern recognition techniques in conjunction with Raman spectroscopy one can generate a simple, rapid and effective identification and quality assessment methodology for the citrus fruits. Raman spectroscopy proved to be highly advantageous for this purpose once appropriate baseline correction technique was applied to eliminate the fluorescence of samples. Pattern recognition techniques are used to build-up a picture of sample variances. The citrus fruits were classified into two groups by PCA interpretation. The first group contains sweet oranges i.e. Sunkist, Newwhall, Gannanqichengand the second group contains mandarins i.e. Zhejiangju, Shatanglugan and Shatangwanlu. Cluster analysis also found a similar, but slightly different, grouping. HCA provides more detailed classificatory information than PCA. Thus, this method enables the user to build a reproducible and highly reliable classifier for discrimination and quality assessment purposes. Other food samples with conjugated hydrocarbon chains or carbon skeleton structure in the constituents on the sample surface, whose kinds and amounts are changing with species, geographical origins, quality grades and other attributes, can be characterized by Raman spectroscopy. It indicates the future extended use of these combined techniques in various kinds of applications in food science research field. In addition, the proposed analytical methods could be also adoptable to a portable Raman spectrometer for at-site measurement in an actual field.
